This paper investigates the profitability of technical trading rules in the foreign exchange market taking into account data snooping bias and transaction costs. A universe of 7,650 trading rules is applied to six currencies quoted in U.S. dollars over the 1994:3-2014:12 period. The Barras, Scaillet, and Wermers (2010) false discovery rate method is employed to deal with data snooping and it detects almost all outperforming trading rules while keeping the proportion of false discoveries to a pre-specified level. The out-of-sample results reveal a large number of outperforming rules that are profitable over short periods based on the Sharpe ratio. However, they are not consistently profitable and so the overall results are more consistent with the adaptive markets hypothesis.
Introduction
Weak-form efficiency implies that technical trading rules (TTRs) based on historical data should not be profitable. There is an ongoing debate about whether TTRs can consistently yield profits or whether any profits realised may reflect just luck rather than the effects of the TTRs themselves. Menkhoff and Taylor (2007) highlight the fact that technical analysis is extremely popular among foreign exchange (FX) market participants and an extensive literature has developed on this topic. One aspect of this literature is based on surveys of technical traders. These surveys, from the first by Taylor and Allen (1992) to the more recent ones by Cheung and Chinn (2001) and Cheung, Chinn, and Pascual (2005) highlight the extensive use of technical analysis in the FX market.
A subset of the TTR literature examines TTR profitability while addressing data snooping bias. However, the focus of many of these papers is on the equity and not the FX market. For example Brock, Brock, Lakonishok, and LeBaron (1992) claim that the deliberate choice of a simple class of rules that has been commonly used for a long period can allay the problem of data snooping. Qi and Wu (2006) and Hsu, Hsu, and Kuan (2010) use White's (2000) reality check (RC) and stepwise-superior predictive ability (SPA) tests, respectively, to address this issue. While the reality check is conservative, Hansen (2005) shows that the SPA is more powerful and less sensitive to the inclusion of poor rules. The stepwise-SPA technique is a multiple test based on the SPA and has been used in recent studies on technical analysis applied to equity markets. This literature includes Hsu and Kuan (2005) , Marshall, Cahan, and Cahan (2008) and Shynkevich (2012a,b,c) . Recently, Hsu and Taylor (2013) and Coakley, Marzano, and Nankervis (2016) have applied the stepwise-SPA test to TTRs of large samples in the FX markets. Both find little or no evidence for TTR profitability after taking into account transaction costs and data snooping.
This paper contributes to the literature in two respects. Our first contribution is to evaluate whether TTR profitability is robust to data snooping using a new and more powerful data snooping approach. Specifically it employs the false discovery rate (FDR) method proposed by Barras et al. (2010) to check the statistical robustness of our results which determines the balance between wrongly selecting underperforming trading rules (false discoveries) and leaving out truly outperforming ones. To the best of our knowledge,
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this paper is the first to employ the FDR methodology to the FX market. The motivation is that the previously used data snooping methodologies either can detect only one outperforming rule (the RC and SPA tests) or they are too conservative (the stepwise-RC and stepwise-SPA test). The FDR method's advantage over other methodologies is that it allows for a small (and specific) proportion of false discoveries while detecting almost all outperforming rules. In other words, the FDR controls for the expected proportion of Type I errors among the rejected hypotheses. We use the Sharpe ratio criterion to evaluate the long-run in-sample performance of a set of 7,650 TTRs after implementing the FDR methodology. The results indicate that a large proportion of TTRs (up to 75%) for four currencies is profitable, even after taking into account transaction costs.
Given the evidence on TTR in-sample predictive ability, our second contribution is to perform a comprehensive out-of-sample persistence analysis for the economic significance of TTRs. The motivation is that, as noted by Bajgrowicz and Scaillet (2012) , the economic value of trading strategies can be assessed only by considering performance persistence after taking both transaction costs and data snooping bias into account. The outperforming rules are selected at the end of each month based on their FDR and accounting for transaction costs and on that basis a portfolio is constructed. This is adjusted on a monthly basis and used in the subsequent month. Persistence tests are employed for daily U.S. dollar prices for six currencies over the 1995-2014 sample period and the out-of-sample performance of TTRs is evaluated based on their Sharpe ratios.
The results show that, the FDR methodology indicates a large number of outperforming trading rules for all exchange rates over the 1994-2014 sample period. These TTRs generate profits for periods of between one and three months but not over the full sample.
The implication is that the Sharpe ratio fluctuates over time, implying that a positive Sharpe ratio is often offset by a negative one. Thus TTRs are sometimes profitable having taken into account both data snooping bias and transaction costs. However, despite the short-run profit opportunities an investor could not consistently make profits by using previously outperforming TTRs over the entire sample period which includes the 2008 banking and financial crisis and its aftermath. These results suggest that rather than FX markets being efficient in the traditional sense, instead they exhibit behavior consistent with adaptive market efficiency (see Lo's (2004) ).
This paper proceeds as follows. Section 2 reviews the literature on profitability of
technical analysis. Section 3 reviews existing methods to account for data snooping and presents the FDR based approach. Section 4 presents our data and empirical findings.
Section 5 concludes.
Technical analysis
Technical analysis is particularly popular in FX markets. It uses past price behavior and sometimes volume data to guide trading decisions in asset markets. The philosophy of technical analysis is explained in the seminal textbook of Murphy (1986) in which he points out three principles about the behavior of technical analysts. The first is that an asset's price history incorporates all relevant information which makes the use of asset fundamentals valueless. The second is that asset prices move in trends, implying predictability and also profitability by buying (selling) assets when the price is rising (falling). This is why technicians believe that "the trend is your friend." The third principle is that asset price patterns tend to repeat themselves. In other words, traders tend to react in a similar way when confronted by similar conditions.
Pring (1991) explains that the technical method is basically a reflection of the idea that price movements occur in trends. He argues that such trends are determined by the changing attitudes of traders toward a variety of economic, monetary, political and psychological variables. It is, thus, no surprise that an extensive literature has been developed on the performance of trading rules (see Menkhoff and Taylor (2007) for a review). However, regardless of the popularity of TTRs among practitioners, academics have long been skeptical about the advantages of technical analysis. They claim that the profitability of technical trading rules is contrary to the efficient market hypothesis (EMH) which assumes that no trading rules based on publicly available information should be able to generate profits without bearing any risk.
This paper builds on Bajgrowicz and Scaillet (2012) which focuses on equity markets. They evaluate the performance of 7,846 TTRs over more than hundred years while using the FDR to control for the data snooping bias. They evaluate the out-of-sample performance of the TTRs to find whether an investor could reasonably have predicted which rules would generate superior returns after taking into account transaction costs.
The results show a negative out-of-sample performance for TTRs throughout the recent A C C E P T E D M A N U S C R I P T
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periods, implying that there is no hot hand phenomenon. 1 2.1 Technical analysis in the FX market Menkhoff and Taylor (2007) explain that the FX market differs from equity markets in some aspects. First, total turnover in the global FX market is much greater than the turnover of the largest stock exchanges. Second, as mentioned by Sager and Taylor (2006) , due to existence of professional traders in FX markets, the impact of individual investors may be neglected without loss of generality. Third, as highlighted by Lyons (2001) , the FX market has a much higher share of short term interdealer trading. Finally, there is less confidence among traders in models of fair value in the FX market compared to equity markets (see Taylor, 1994) . Neely, Rapach, Tun, and Zhou (2014) explain that technical analysis dates back at least to 1700 and although modern technical analysis was originally developed in the context of the stock market, foreign currency traders have employed this approach for trading in the modern floating rate era. The studies by Goodman (1979) and Goodhart (1988) are the first to bring the broad use of technical analysis by FX professionals to the attention of academic researchers. An early survey of market participants by Taylor and Allen (1992) shows that almost all chief foreign exchange dealers in London use technical analysis to some extent and also tend to combine it with fundamental analysis. They find that at short horizons (less than a week) traders use technical analysis more frequently than fundamental analysis. In a survey of U.S. FX traders, Cheung and Chinn (2001) find that 30% of participants could be considered as technical traders due to the increasing use of technical analysis.
2
The extensive literature on the performance of TTRs in the FX market finds support for their profitability. Dooley and Shafer (1984) find evidence for the profitability of filter rules over relatively short horizons. Using the post-Bretton Wood data, Cornell and Dietrich (1978) find that filter and moving average rules are profitable. Sweeney (1986) confirms previous findings on the effectiveness of filter rules on many dollar exchange rates while he considers both transaction costs and risk. These early studies have several drawbacks: First, their results may be subject to the data snooping problem, since the 1 The hot hand phenomenon refers to the expectation of "streaks" in sequence of hits and misses whose probabilities are independent (Wilke and Barrett (2009)) .
2 See Gehrig and Menkhoff (2004) for similar survey evidence for German FX traders.
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early literature is mainly focused on popular rules such as the filter or moving average.
Second, the riskiness of TTRs is often ignored. In other words, TTR returns do not necessarily reject market efficiency since returns may reflect risk premiums. Finally, it is hard to interpret the results of early studies since the performance of the rules are often reported as averages across all the rules or all the assets.
The out-of-sample performance of TTRs is assessed by Neely, Weller, and Dittmar (1997) using genetic programming techniques. They find that not only out-of-sample excess returns of the selected rules are economically significant, but also these returns are not compensations for bearing systematic risk. They account for data snooping bias by using the data snooping technique which was first used by Brock et al. (1992) , to support their findings on the profitability of technical analysis in FX market. They explain that while central bank intervention generates a source of speculative profit in the market, it is less likely to be the reason for their findings. Instead, they highlight the role of market efficiency as a plausible explanation for their results.
The Qi and Wu (2006) study is the first to use the RC in the FX market to control for data snooping bias. A large number of TTRs are applied to seven daily dollar exchange rates over the 1973-1998 period. They find that the profitability of all seven currencies is significant at the one percent level even after taking into account both data snooping bias and transaction costs. However, their trading rules do not perform as well in their out-of-sample exercise. They suggest that the FX market becomes more efficient over time. The performance of technical analysis as opposed to market efficiency is the main focus of the Neely and Weller (2011) paper. They analyse the intertemporal stability of excess returns to trading rules in the FX market obtained from out-of-sample tests on previously studied rules. Their results show that the excess returns of the 1970s and 1980s were genuine and not just due to data mining (see 3.1). They demonstrate that, although these profit opportunities disappeared by the early 1990s for well-known rules such as the filter and moving average rules, less-studied rules have remained profitable.
These findings are consistent with the adaptive market hypothesis by Lo (2004) in which the performance of TTRs is short-lived with prolonged periods of success and failure.
In a recent study, Hsu and Taylor (2013) carry out a large scale investigation of trading rules in the FX market. They use daily data over a maximum of forty years for thirty developed and emerging market currencies and over 21,000 TTRs. They apply the A C C E P T E D M A N U S C R I P T
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stepwise-SPA test to control for data snooping and find strong evidence for predictability of TTRs in the 1970s and 1980s in developed currencies and in the 2000s in emerging currencies. They show that an equally weighted portfolio of TTRs yields an average compound return of 9% over the last thirty years in the case of emerging currencies.
They explain that the predictability and profitability of TTRs are due to short-lived, not-fully-rational behavior and immaturity, instead of autocorrelation, risk permia and central bank intervention.
Technical trading rules
Technical analysis can be divided into two broad categories: charting and mechanical methods. The former is the older method and graphs the history of prices over a specific period and uses patterns to forecast future movements. Charting is subjective and requires the analyst to be able to find and interpret the patterns. Charting is beyond the scope of this paper and we focus on mechanical methods. Mechanical rules require the analyst to apply rules based on mathematical functions of past and current data.
This paper investigates ten types of trading rules including both well-known and lessstudied rules: filter, moving average, linearly weighted moving average, exponentially weighted moving average, moving average convergence-divergence, moving average oscillator, stochastic oscillator, channel breakout, relative strength indicator and bollinger bands. Qi and Wu (2006) point out that choosing too few rules is likely to cause biases in statistical inference due to data mining. On the other hand, Hansen (2003) argues that considering too many irrelevant rules can reduce test power. We study a universe of 7,650 rules which is similar to the number of trading rules used in both the Sullivan, Timmermann, and White (1999) and Bajgrowicz and Scaillet (2012) papers. 3 We use Qi and Wu's (2006) parameters for the filter, moving average and channel breakout rule and, for the others, we select reasonable parameters that lie in the ranges used in the literature. Table 1 provides a summary of the parameters used in the calibration of trading rules. The details of each rule are given in Appendix A.
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3 Methodology 3.1 Data snooping methods Neely and Weller (2011) point out that data snooping, data mining and publication bias are three related but distinct problems that could lead to false conclusions about the profitability of TTRs. Data snooping is defined as a situation in which researchers, either consciously or unconsciously, study rules that are already proven to be profitable. Data mining is when researchers consider many rules but only interpret the most successful ones. In other words, negative results are ignored, while positive results are reported.
Publication bias is the tendency of journals to accept papers with positive results rather than negative results. Technicians normally backtest rules which implies that they tend to study rules which are already profitable on past data. As Neely and Weller (2011) discuss that it is almost impossible to avoid some data snooping as data sets and rules are limited but there are nevertheless a number of ways to control for it, which include the reality check and its extension, and the FDR which we present in the following subsections.
White's (2000) reality check and extensions
White's (2000) RC is the first method which exploits the dependence structure of the individual test statistics. The RC approach tests the null hypothesis that the best rule does not outperform the benchmark. One disadvantage of White's method is that once it identifies an outperforming rule, the procedure stops. In other words, when the null hypothesis is rejected, it concludes that there is at least one model which beats the benchmark, but it is not able to identify the complete subset of outperforming rules.
This drawback is addressed by Romano and Wolf (2005) who suggest a stepwise multiple testing procedure to asymptotically control the family-wise error rate (FWER) at a chosen level. Using a stepwise-RC method, further outperforming rules can be detected in subsequent steps which makes this method more powerful than the RC.
4
Another drawback of the RC from which the stepwise-RC also suffers is that when the 4 When testing multiple hypotheses, each test has type I and type II errors. A measure to determine the overall error rate is FWER which is the probability of making one or more type I errors. Therefore, instead of controlling the probability of a type I error at a chosen level for each test, the FWER is controlled at this level.
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hypotheses involve inequality constraints both methods are conservative. This is because they are both based on the least favorable configuration (LFC).
5 Hansen (2005) shows that a test based on the LFC is likely to lose power dramatically when many poor and irrelevant rules are included in the test and therefore develops the SPA test. He modifies
White's RC test such that it is not based on the LFC but instead tests whether the best rule beats a benchmark forecast.
6
Similar to the extension from the RC test to the stepwise-RC test, it is logical to extend the SPA to the stepwise-SPA test to try to detect all outperforming rules. Hsu et al. (2010) prove analytically and by simulations that the stepwise-SPA is more powerful than the stepwise-RC. The main drawback of their proposed method is that the stepwise-SPA test controls for the FWER which guards against any false positives. This implies that the FWER is too conservative and results in many missed findings. However, in practice, investors tend to identify as many outperforming rules as possible since they do not consider the signal of one TTR at a time but a combination of multiple strategies.
False discovery rate
To address the issue of a too conservative FWER, Benjamini and Hochberg (1995) propose the false discovery rate which is a less conservative method. The idea of the FDR is that by allowing a specific proportion of false discoveries, it significantly improves the power of detecting the outperforming rules. Barras et al. (2010) extend the FDR by introducing the FDR +/-, which estimates separately the proportion of false discoveries among trading rules that perform better or worse than the benchmark of no excess returns. For instance, an FDR + of 20% implies that among the rules selected as outperforming, on average 20%
do not deliver positive returns while an FDR + of 100% indicates that none of the selected models generates positive performance. Table 2 shows possible outcomes of hypothesis testing. While the FWER is calculated as FWER=P (V≥1) where V is the number of type I errors, the FDR can be interpreted as the expected proportion of Type I errors among the rejected hypothesis (R), FDR=E( V R |R>0)P(R>0). For multiple hypothesis tests, this implies that the FDR is much less conservative compared to the FWER and results in a significant improvement in the power of test.
5 That is least favourable to the alternative hypothesis. In other words, it is a set of parameter values that minimizes the probability of a correct decision.
6 As with the RC test once an outperforming rule is identified the test stops.
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< Table 2 around here >
The FDR identifies the outperforming rules, even if the performance of the outperforming rules are due to luck, contrary to the stepwise-RC and the stepwise-SPA. Therefore, the FDR detects almost all outperforming rules, while keeping the amount of false discovery at a chosen level which provides investors with a diversified pool of signals.
7
Benjamini and Hochberg (1995) assume that the multiple hypotheses are independent when they propose the FDR approach. Storey (2003) , Storey and Tibshirani (2003) , and Storey, Taylor, and Siegmund (2004) show that when the number of tests is large, the FDR still holds under weak dependence of the p-values. Bajgrowicz and Scaillet (2012) define weak dependence as any form of dependence whose effect becomes negligible as the number of tests increases to infinity. In this paper, although TTRs are dependent in small groups, each family of rules acts independently of the others. For example, a five-day MA with a 0.001 band is highly correlated with a five-day MA with a 0.005 band. However, it is less likely to be correlated with a two hundred-day MA. Such type of dependence is called block dependence and meets the weak dependency conditions.
The FDR + is estimated as follows:
+ is an estimator of R + and denotes the number of trading rules selected as significantly outperforming rules:
where SR k denotes the Sharpe ratio of each rule k.F + is an estimator of F + and denotes the number of trading rules that do not generate genuine performance but have been selected erroneously. The FDR method allows one to estimate π + A and π − A which are the proportions of positive and negative TTRs in the population, respectively. π 0 is the proportion of rules without abnormal performance and as explained below, is required
where l is the number of TTRs in our sample, γ is a threshold which is applied to determine the null and alternative p-values, and λ is a tuning parameter.
The estimation procedure for the optimal values of λ (λ * ) and γ (γ * ) is proposed by Storey (2003) and Storey et al. (2004) . 
The λ * is determined such that λ * = arg min λM SE (λ) . It is , however, worth noting that Barras et al. (2010) find thatπ 0 is not overly sensitive to the choice of λ * .
The value of γ * is determined in the same way. Consider a range of values (γ = 0.30, 0.35, . . . , 0.50) and compute the relativeπ − A (λ) which is the proportion of rules with negative abnormal performance using the following formula:
where T − (γ) denotes the number of alternative rules with negative performance and a pvalue smaller than γ, and A − (γ) denotes the number of alternative models with negative performance and a p-value greater than γ. Then find the value of γ which maximiseŝ 
Therefore, γ − is calculated such that γ − = arg min γM SE − (γ) . The same data driven procedure is used to determine γ + . Note that if min γM SE
and to preserve the equality, setπ
. Barras et al. (2010) explain that although this method is entirely data driven, there is some flexibility in the choice of γ * , as long as it is sufficiently high. . This provides a comprehensive test of TTR profitability since the evidence on this is weak (see Hsu and Taylor (2013) ). For interest rates, we collect the overnight Eurocurrency interest rates from Datastream. rates. The maximum daily depreciation of the U.S. dollar relative to these six currencies lies between 4.47% (GBP) and 6.6% (JPY). The standard deviation of daily changes lies between 0.0053 and 0.0072 which implies substantial daily volatility. The JPY has the smallest Sharpe ratio, while the corresponding number is much larger for the CHF. With the exception of GBP and CHF, all distributions appear to be right skewed, while all daily return distributions have excess kurtosis compared to the normal distribution.
8 Note that returns are calculated as changes in the natural logarithm of the daily exchange rates.
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< Table 3 around here >
FDR portfolio
The FDR level determines the balance between wrongly selecting underperforming trading rules (false positives) and leaving out truly outperforming ones. Barras et al. (2010) explain that if a lowFDR + target is chosen, only a small proportion of "lucky rules"
are allowed in the portfolio. Compute excess returns for the trading rules and assume that if a trading rule generates a long (short) signal, the investor converts the borrowed dollar (foreign currency) to foreign currency (dollar) at the closing rate and earns the foreign (U.S.) overnight rate.
The excess return is computed as:
where i t and i * t denote domestic and foreign interest rates, respectively. The Sharpe ratio is a risk adjustment criterion to check whether technical trading returns compensate 9 The "lucky rules" term refers to the rules with no genuine performance, in other words, rules with no real predictive power.
10 Our findings remain consistent whenFDR + = 10%.
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investors for bearing total risk. It is used to measure performance of the TTRs and is calculated as:
wherer k denotes the excess return of the rule k:
and σ k is the standard deviation of the excess return generated by k-th trading rule: The proportion of outperforming rules is above 70% for the SEK, CHF and JPY, but the corresponding number is much smaller for the GBP and NOK. To highlight the advantage of the FDR over other methodologies, the number of outperforming rules selected by the FDR is compared with those of the stepwise-SPA test. We find that the stepwise-SPA test does not detect any outperforming rule for any of the currencies. This is consistent with Hsu and Taylor's (2013) results where they find that predictive ability of TTRs for developed currencies disappears since the early 1990s. This could be interpreted as the FWER being too conservative since it controls for not making even one type I error. This would imply that a TTR is selected by the stepwise-SPA test only if its p-value is smaller than (1 − α) 7,650 .
< Figure 1 around here >
To check for the robustness of our results, transaction costs are taken into account.
Following Chang and Osler (1999) , Qi and Wu (2006) and Hsu and Taylor (2013) , we use fixed 2.5 basis points one-way transaction costs. 11 Figure 2 shows the results with transaction costs. Strikingly, there is only a negligible decline in the proportion of outperforming 11 Neely et al. (1997) show that the excess returns earned by trading rules are very sensitive to the level of transaction costs and to the liquidity of the markets. They assume one basis point and two basis
rules which indicates that our previous findings are robust to transaction costs, with the exception of NOK where the outperformance disappears after taking into account these costs. Our results are consistent with the recent literature where transaction costs do not necessarily eliminate TTRs profitability (see Qi and Wu, 2006; Hsu and Taylor, 2013) .
< Figure 2 around here >
Persistence analysis
Persistence analysis is used to evaluate the out-of-sample performance of the outperforming rules. The motivation is that not only is historical outperformance no indication that an investor could have chosen the future outperforming rules ex-ante, but also in practice investors change their strategies in an attempt to adapt to the changes in economic environment. The question is whether an investor could have predicted which trading rule would generate profitable returns. We test whether outperforming rules could have been selected by an investor who has just access to the information that would have been readily available to her. Therefore, the universe of 7,650 TTRs is used for the selected currencies on a monthly basis and the outperforming rules over the month are selected based on the FDR and in the presence of transaction costs. Each currency's outperforming rules are used over the following month and returns from different currencies are pooled with equal weights to measure the total out-of-sample performance of the outperforming rules. To the best of our knowledge, this is the first time this type of persistence analysis is performed on TTRs in the FX. Comparing their data with those on actual traders screen, they conclude that actual spreads are roughly one third of the quoted spreads 12 The main findings remain qualitatively similar forFDR + = 10%. 13 It is important to note that at each step optimal values for λ and γ are estimated. See Eq. 1 and Eq. 2.
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which shows that the average does not always match its target. For example, in the case of the UK the averageFDR + is 56% instead of the targeted 20% which indicates that the proportion of outperforming rules in the population is too low to achieve the FDR target. Building on Figure 4 we now examine which rules have some level of persistence in their outperformance (see Figure 5 ). The blue bars represent the proportion of TTRs that continues to outperform for three consecutive months. The red line represents the number of outperforming trading rules at each point in time as in Figure 4 . Our findings
show that while there are periods in which all the best models remain outperforming over three months, the average proportion of the rules that remain in the portfolio lies between 25% to 36%, with the exception of GBP for which the corresponding number is 19%. This highlights the importance of rebalancing our portfolio on a monthly basis.
Over the recent crisis the outperformance of the TTRs becomes more short-lived in the case of the GBP and SEK, while there is an improvement in the performance of trading strategies for the CAD, JPY and NOK. In the case of the latter, this shows that over this period of high uncertainty, TTRs are reliable and persistent indicators for these currencies.
< Figure 5 around here >
Having examined the composition of the outperforming monthly portfolios, portfolio performance is evaluated based on the Sharpe ratios. Figure 6 shows the end-of-period proposes that the forces that drive prices to their efficient levels are weak and do not operate instantaneously. According to Neely and Weller (2011) , the adaptive market hypothesis can be regarded as the most plausible explanation of TTR profitability. an investor should update her portfolio frequently to adapt to changes in the economy rather than sticking to a specific set of TTRs.
The performance measure used in this paper is the Sharpe ratio which measures the average excess return per unit total risk. The annualized Sharpe ratios at the end of each month show that the performance of the technical strategies is fairly volatile where a short period with a positive Sharpe ratio is often followed by a period with a negative Sharpe ratio. The persistence analysis shows that if an investor constructed a portfolio of the outperforming rules and updated it on a monthly basis, she would
obtain a positive Sharpe ratio for all currencies, with the exception of GBP. Although our findings indicate that there are profitable opportunities for TTRs, their performance fluctuates throughout the sample which implies that their profitability is not persistent over time. These findings support Lo's (2004) Adaptive Market Hypothesis more than the efficient markets hypothesis. Table 2 .
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Decision making in hypothesis testing
This tables shows possible outcomes from n hypothesis tests. V is the number of type I errors, T is the number of type II errors and R is the number of trading rules selected as significantly outperforming rules. Therefore, F W ER = P (V ≥ 1) is the probability of at least one type I error, while FDR + = E(V /R|R > 0) is the rate that discoveries are false. A filter rule generates a buy signal if the exchange rate rises by x% or more from its most recent low. The investor borrows the dollar and uses the proceeds to buy the foreign currency. On the other hand, when the exchange rate falls by y% or more from a subsequent high, the investor shorts the foreign currency and uses the proceeds to purchase the dollar. We define the subsequent high and low as a local maximum and minimum respectively.
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Moving average (MA)
A moving average rule utilizes a simple average of past prices. The short (long) MA is defined as a simple average of prices over the previous m (n) days, where n > m. When the short MA of a foreign currency is above (below) the long MA by an amount larger than the band with b%, the investor borrows (short sells) the dollar (foreign currency) to purchase the foreign currency (dollar).
Linearly weighted moving average (LWMA)
This is a type of moving average where a higher weighting is assigned to recent price data than in the case of the simple MA. The LWMA is calculated by multiplying each one of the prices within the selected series, by a particular weight which is determined by dividing the position of time periods selected by the sum of the number of time periods.
It is worth noting that weights in LWMA decrease in an arithmetic progression. The signal producing process is the same as the simple MA, implying that the rule generates buy (sell) signal when the short MA is above (below) the long MA.
Exponentially weighted moving average (EWMA)
Similar to the LWMA, the EWMA allocates a higher weighting to recent price data than does the simple MA. However, the weights are calculated differently. We define α as the smoothing factor,
where n is the number of observations. To calculate the EWMA at each point in time,
we multiply the last price by α and sum it with the product of the last day EWMA and 1 − α. Here, weights decrease exponentially and the signal producing process is the same as the simple MA, implying that the rule generates buy (sell) signal when short MA is above (below) the long MA.
Moving average convergence-divergence (MACD)
The MACD measures the difference between two EWMAs. The representation of the MACD includes another EWMA which acts as a trigger indicator, known as the signal line. In other words, MACD (l, s, m) is an indicator where the MACD series is the difference of a long (l) and short (s) EWMAs, and the signal line is an EWMA of the MACD series with parameter m,
, and λ m = 1 − 2 m+1
. Signals are determined as follows,
otherwise.
And an investor
Buys if z t − z t−1 = +2 Sells if z t − z t−1 = −2.
Moving average oscillator (MAOS)
The moving average oscillator is an alternative of the MACD while they are both computed similarly. The MAOS is calculated as the difference between a short MA and a long MA,
Signals are determined as follows
and an investor Buys if z t − z t−1 = +2 Sells if z t − z t−1 = −2.
Stochastic oscillator (STOS)
The stochastic oscillator is a momentum indicator which shows the location of the price relative to the high-low range over a specific period. The stochastic oscillator is calculated as %K t = 100
Buy and sell signals are determined as
Buy if %K t−1 < %D t−1 and %K t > %D t Sell if %K t−1 > %D t−1 and %K t < %D t
Channel breakout (CHB)
A channel occurs when the high price over a specific period is within x% of the low price over the same period. Therefore, an investor buys (sells) when the price goes above (below) the channel by b%.
Relative strength indicator (RSI)
The RSI compares the magnitude of recent gains to recent losses to determine overbought and oversold conditions of a currency. The RSI is calculated as RSI = 100 − 100 1 + RS * , where RS = average of x days up prices average of x days down prices .
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The RSI ranges from 0 to 100%. If it is above 70%, the currency is considered as overbought and the RSI generates a sell signal. On the other hand, if the RSI is below 30%, the currency is considered as oversold and buy signal is determined.
Bollinger band (BOLL)
Bollinger band is a band which is two standard deviations away from a simple moving average. It is developed by John Bollinger in the 1980s. Since standard deviation is a measure of volatility, the more volatile the market is, the wider the band gets. An investor buys (sells) the FX when the price is above (below) the upper (lower) band. 
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